Abstract
volatility 4 and volatility clustering 5 . It was Engle 1982 ) who introduced ARCH model in order to capture volatility in the stock market. Later on various extensions of ARCH model were evolved.
Modelling and forecasting stock market volatility is of considerable interest to the practitioners and researchers alike. Researches are abundant in the area of stock market volatility since it plays a major role in decision making. Ordinarily speaking stock return volatility is the variation of stock return in time or it is the standard deviation of daily stock return around the mean value. The study of volatility assumed newer dimension with the seminal work of Engle which introduced the ARCH model for the first time to analyse volatility thread bear and it became the base for various models later in the pursuit of modelling and forecasting stock market volatility. The Auto Regressive Conditional Heteroscedasticity model (ARCH) by Engle (1982) and General Auto Regressive Conditional Heteroscedasticity model (GARCH) by Bollerslev (1986) , were adopted by numerous studies undertaken in the context of emerging and developed stock markets. Even though, various extensions of these models were formed the GARCH (1, 1) model is most often considered for modelling and forecasting by researchers. The studies of Akgiray (1989) , Pagan and Schwert (1990) , Brailsford et al (1996) proved that GARCH models outperformed other competitive models during the period. But Tse and Tung (1992) contradicted earlier studies and proved that exponentially weighted moving average models provide better results than Garch models. With European markets Corhay and Rad (1994) came to the conclusion that GARCH (1, 1) model better proved its potentiality to predict volatility when compared to other GARCH family models. Andersen and Bollerslev (1998) argued that GARCH models are the best fits for prediction in stock market. In addition to these models Nelson (1991) and Zakoian (1994) proposed Exponential GARCH (E-GARCH) and Threshold GARCH (T-GARCH) respectively. These extensions of GARCH are useful in predicting the leverage effect of the stock returns.
However the application of these models to Shariah market is considerably low as far as existing literature is concerned. Shariah index is nothing but an index comprising representative Shariah compliant shares and it indicates the trend of stocks adhering to the rules of Islamic finance 6 . During the financial meltdown the Shariah compliant stocks and the Shariah indices came out as out performers beating the market in terms of risk and return. Hence it is of interest to study the market performance in terms of volatility of Shariah market. Romli et al (2012) studied the volatility during the financial crisis i.e. during the period 2007 to 2010 on FTSE Bursa Malaysia Hijarah index. The study concluded that the Malaysian Bursa index was less volatile during the crisis period when compared to conventional indices of Malaysia. The Shariah market attained the preference of an "Out performer" Akhtar et al (2010) in the market, during the disintegration, but studies and researches are still scarce and scanty more conspicuously on Middle East countries which follow Shariah principle in stricter sense of the term.
Hence this study is an attempt to investigate on the behaviour and characteristics of conditional volatility and then to model the volatility of Shariah in GCC 7 countries. The study 4 Time varying Volatility: Time-varying volatility implies that the fluctuations in volatility over time is subjected to large swings, with stocks and other financial instruments exhibiting periods of high volatility and low volatility at various points in time. 5 Volatility Clustering: Discussed later on the paper. 
At the first place any time series data need to be studied in terms of its characteristics and normality which can be understood from the descriptive statistics. The descriptive statistics of the return series of the indices under consideration are as follows:- The descriptive statistics portrayed above provide a bird's eye view on returns of the series. From table 1 it is clearly evident that returns of Bahrain, Kuwait, Saudi Arabia and UAE are negatively skewed which indicates that negative stock returns are more common than positive returns. In other words it is that, there is a greater probability of large decrease in returns than increase. The kurtosis of all the series depicts that the returns have fatter tail and higher peaks. The low mean and variance shows low expected returns and risk. UAE index show a higher standard deviation or risk in the security when compared to other indices followed by Kuwait index. The Jarque Bera statistics rejects the null hypothesis of normality of the returns and thus all the series are identified with returns not normally distributed.
Any time series data needs assurance of the stationarity i.e. there shouldn't be any unit root issues in the series. But there are evidences where time series data show a non stationarity (Engle & Granger 1987) . Hence before going into in-depth modelling of the data it is necessary to check the stationarity property of the series. In order to check stationarity or otherwise KPSS test 8 has been used, which was introduced by Kwiatkowski et al (1992) here. It assumes that the null hypothesis of the series is stationary. Like stationarity issue in a time series data, there exist a requirement prior to volatility modelling that the residuals of the series should be homoscedastic and there shouldn't be any ARCH effect 9 in the series. In order to check the homoscedasticity of residuals the serial correlation test 10 was conducted and results showed that there was serial correlation within the residuals of all the 8 From the table it can be inferred that there was an ARCH effect and null hypothesis of no ARCH effect cannot be accepted. Since the F statistics and observed R 2 are significant at 1%, it can be interpreted that there is a further scope for modelling volatility with different ARCH-GARCH models and their extensions. Before attempting the modelling of the volatility the persistence of returns or the volatility clustering if any was traced out. The graph of which is given in annexure. Volatility clustering 11 implies a strong correlation in squared returns. In order to test volatility clustering Ljung Box was employed where n as sample size and k as lag length.
Modelling of ARCH & GARCH
With the results of volatility clustering and autocorrelation in residuals, the next step was the need to specify and model the conditional volatility in the market. To fit the best model, Akaike Schwartz Criterion and Schwartz Bayesian Criterion were employed. In order to trace out the persistence in return, volatility clustering is checked at the introduction stage.
The modelling of the returns of all the series were done through extensions of ARCH model and then with different variant forms such as Threshold GARCH (T-GARCH) and Exponential GARCH (E-GARCH). The persistence of autoregressiveness was tested through GARCH (1, 1) model where volatility clustering was identified and depicted in graph (1), (2), (3), (4), (5) & (6) 12 which clearly indicated that these all these indices followed volatility clustering during periods of turbulence where their prices showed wide swings and periods of tranquillity the wide swings were absent. In the attempt to find out the patterns in modelling and Heteroscedasticity in the residuals the ARCH LM test was employed and it was found that there was no homoscedasticity in the returns which gave further scope for modelling of ARCH models and its variants. Thus GARCH (1, 1) model was fitted to the daily return series.
The specification of GARCH (1, 1) model is as follows;
   ------------------------------(2)
where  t 2 conditional variance whereas ω is constant, α 1 ε 11 Volatility clustering simply means that periods of highs will be followed by periods of highs and periods of lows/tranquillity will be followed by periods of lows. 12 Graphs are shown in the annexure part of the paper with page no: 15 The results of GARCH (1, 1) of the returns of six indices of GCC showed that all the parameters in the GARCH (1, 1) were highly significant at 1% significance level. The highly significance of α (ARCH term) and β (GARCH term) implied that past volatility highly influenced the current volatility of all the series under study. As both α and β were significant, it revealed that the lagged conditional variance and lagged squared variance had impact on current volatility.
From the sum values of co-efficient of α+β of the series it was clearly evident that all the indices showed a value which is close to unity and for Oman it crossed the value of unity. It implies that the volatility of all the series except for Oman was highly persistent with 1% significance level of acceptance.
After processing GARCH (1, 1) model other higher order model 13 were employed to check the significance. Higher order GARCH models either did not converge or the parameters were insignificant at the conventional levels of significance. Hence it was concluded that this model perfectly fitted in the process and is a representative of the conditional volatility process of the daily returns of the series. Further diagnostic checking 14 of the model also revealed that GARCH (1, 1) was a better fit than highest order ARCH models available.
Asymmetrical response to arrival of news
Since the GARCH (1, 1) model is a symmetric one, there was a need to explore asymmetric models because former model depends only on the magnitude and not on the signs of the returns of the series. On the basis of the results of the volatility ARCH/GARCH model, the symmetry effect or leverage effect can be captured through extensions of GARCH family. Some popular extensions are T-GARCH and E-GARCH, Asymmetric Power GARCH etc. and among them T-GARCH and E-GARCH are most popularly used, as they provide reliable results on asymmetric effect of any series.
The T-GARCH model
As GARCH model generates only symmetric response function, there was a need for a new model which incorporates the asymmetric effect of the shock in a series. Zakoian (1990) and Glosten et al (1993) independently developed the T-GARCH model. The specification for the conditional variance is as follows;
-------------------------------(3)
where ϒ is the coefficient of the leverage term, d t-1 is the dummy variable and ε t-1 =1 when ε t-1 <0 & ε t-1 =0 when ε t-1 ≥0 . In this model good news (ε t-1 <0) and bad news (ε t-1 >) is explained as good news has an impact on α and bad effects α+ϒ. If ϒ >0 then there is leverage effect and ϒ≠ o then the news impact is symmetric. Table 5 presents the asymmetric effect of daily returns of six indices from 2008-2013. It can be noted that the ϒ (Leverage effect) coefficients of all the series were positive and significant except for Bahrain and Oman. In case of Bahrain and Oman it showed a positive sign with an insignificant P value which implies that there was no asymmetry or leverage effect. The coefficients of Kuwait, Qatar, Saudi Arabia and UAE implied that there was a asymmetry effect which indicate that positive shocks had large effect on next period volatility than negative shocks.
The E-GARCH model
The E-GARCH or exponential GARCH was developed by Nelson (1991) . Since T-GARCH restricts the sign of variance to positive; E-GARCH uses the logarithm of  t 2 which makes the conditional variance regardless of the signs of co-efficient in the results.
The specification of conditional variance is
------------------(4)
The presence of leverage effect can be detected with the hypothesis ϒ<0 and if its ϒ>0 the impact is asymmetric. From the above table it is clearly evident that as far as leverage effect is concerned Bahrain, Qatar, Saudi Arabia and UAE were significant at 1% level with negative coefficient value. This clearly showed that negative news had more impact on the volatility than positive news/shocks. Kuwait and Oman shows high significance at 1% level with positive co-efficient which implies that positive shocks impacted more on the conditional volatility than negative shocks.
Concluding Remarks
In this paper, attempts have been made to examine the asymmetric conditional volatility of Shariah index of GCC countries with the daily returns ranging a period of 5 years from 01/12/2008 to 31/08/2013. From the descriptive statistics it was clearly evident that UAE was the riskiest index among all the other indices as its standard deviation was highest. Then the attempt was made to model the volatility with GARCH models after detecting the serial correlation and ARCH effect in the series.
The conditional volatility was measured through GARCH (1, 1) model and its extensions. It was noted from the results of GARCH (1, 1) that all the parameters in the GARCH (1, 1) are highly significant at 1% significance level. The highly significant α (ARCH term) and β (GARCH term) implied that past volatility highly influenced the current volatility of all the series under study. The asymmetrical GARCH models outperformed the symmetrical GARCH models. On application of E-GARCH (1, 1) and T-GARCH (1, 1) it was found that there was leverage effect in the all the indices with few exceptions. The leverage terms of all the series were positive and significant except for Bahrain and Oman. In the case of Bahrain and Oman it showed a positive sign with an insignificant P value which implied that there was no asymmetry or leverage effect. The coefficients of Kuwait, Qatar, Saudi Arabia and UAE indicated that there was an asymmetry effect, which indicates that positive shocks have large effect on next period volatility than negative shocks. With regard to E-GARCH (1, 1) Bahrain, Qatar, Saudi Arabia and UAE were significant at 1% level with negative coefficient value. This indicates that negative news impacts more on the volatility than positive news/shocks. Kuwait and Oman shows high significance at 1% level with positive co-efficient indicating higher impact of positive shocks impact more on the conditional volatility.
The implication of the study for the investor is that the asymmetric GARCH models of the series can be used by investors to forecast future volatility of the market. Also further studies can be made on the time varying nature and month effect of the indices which can help the investors to take advantage of less risky months and lesser volatility periods.
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